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A watershed moment in this migration was the publication of a study by Alford, Funk, and Hibbing (2005) in which the authors claimed to have demonstrated that, when it comes to political ideology (specifically, whether one is a liberal or a conservative), genes count for more than environment. This claim was made on the basis of a methodology known as the workhorse of behavior genetics: the classical twin study. Twin studies are designed to measure heritability-the extent to which variation in a given trait (in a given population at a given time) is due to genetic, as opposed to environmental, differences.
1 The study of Alford, Funk, and Hibbing was followed by studies purporting to demonstrate the heritability of the following: vote choice (Hatemi et al. 2007 ); attitudes toward abortion and gay rights (Eaves and Hatemi 2008) ; political participation, that is, voting behavior (Fowler, Baker, and Dawes 2008) ; cooperative behavior in the trust game (Cesarini et al. 2008) ; strength of party identification (Hatemi et al. 2009 ); and feelings toward the major federal parties, party identification, and vote choice (Bell, Schermer, and Vernon 2009) .
A variant of the twin study was the original biometrical "natural experiment" proposed by Galton in 1876 (Plomin 1990) , and the results of the first known classical twin study, based on the observed differences between identical and nonidentical twins, were published in 1924. A lot has changed in our understanding of genetics since then, and recent advances in molecular genetics are necessitating a rethinking of every one of the assumptions of the classical twin study methodology (Boklage 2009; Bruder 2008; Fraga et al. 2005; Haque, Gottesman, and Wong 2009; Marchetto, Gage, and Muotri 2010; Martin 2009; Notini, Craig, and White 2008; Ollikainen et al. 2010; Skipper 2008) . However, the twin study methodology, which has been extensively critiqued elsewhere, is not our concern here. Rather, our concern is with the "second wave" of the turn to genetics in political science, involving the use of candidate gene association (CGA) studies, another methodology commonly used in behavior genetics.
The use of CGA studies in the social sciences has been facilitated both by the increasing availability of large data sets that contain both behavioral data (usually in the form of self-reporting) and limited genetic data and by advances in statistical software and modeling techniques. In a typical CGA study, a researcher proposes that a gene variant, information for which is contained in the data set (e.g., whether or not a participant has a common variant of the MAOA gene), will predict a given behavior (e.g., voting behavior, as ascertained by responses to the question, "Did you vote in the last presidential election?"). If those who respond "yes" are more likely to possess this particular gene variant than those who respond "no," the gene is said to predict the behavior in question and, presumably, play a causal role in its variation (and development) . The use of CGA studies by political scientists-as well as psychologists, sociologists, and economists-has yielded spectacular results. A particular gene (or gene variant) has been claimed to predict voting behavior , "punishing behavior" in an experimental setting (McDermott et al. 2009 ), partisanship and party identification (Dawes and Fowler 2009 ), liberal political ideology (Settle et al. 2010) , credit card debt (De Neve and Fowler 2010) , antisocial personality ), leadership (De Neve and Fowler 2010) , and preferences for the voluntary provision of social goods (Mertins et al. 2011) .
The number of recent claims by social scientists to have discovered a statistically significant association between a particular common gene variant-either on its own or in conjunction with a particular environment-and complex, politically relevant behaviors warrants careful evaluation. This evaluation is particularly needed because the search for genes that could predict prevalent and devastating behavioral phenotypes such as schizophrenia and autism, not to mention global killers such as diabetes and hypertension, has to date been unsuccessful (Dick, Riley, and Kendler 2010; Franke, Neale, and Faraone 2009; Plomin and Davis 2009; Talmud et al. 2010) . The purpose of this article is to undertake such an evaluation.
After a short primer on basic genetic terms, we consider the 2008 CGA study of Fowler and Dawes in which the authors claim to have demonstrated that "two genes predict voter turnout," and identify difficulties that, given their prevalence, should be of concern to all who employ the CGA study methodology. These are the problems of phenotype specification, population stratification, genotype classification, and the independence of cases and controls. As we examine the findings of Fowler and Dawes through the lens of these problem areas, we argue that their claim cannot be sustained. However, we do not claim that the study of Fowler and Dawes is any more or less problematic than most other CGA studies in the social and behavioral sciences, and it is precisely for this reason that we use it as an example.
We then turn to the problem of the nonreplication of CGA studies in the social and behavioral sciences (and in genetics in general) and consider the likely reasons for this failure, the most obvious being that CGA studies of complex behavioral traits (such as political behaviors) rely on an outdated genetic paradigm. Advances in molecular genetics over the past 25 years are bringing about what a number of researchers in the field have referred to as a "paradigm shift" (Sgaramella and Astolfi 2010) . Any political scientist conducting a CGA study is engaged in research in both political science and genetics and so must be aware of cuttingedge research in both disciplines. This is particularly the case when, as we see, cutting-edge research in genetics has direct bearing on the validity of the methodologies used. Finally, we highlight statistical difficulties attendant both on the proliferation of associations between the same genotypes and an ever-expanding array of phenotypes and on the widespread utilization of the same data sets.
PRELIMINARIES Alleles
Genes are segments of DNA coded for the production of specific proteins. Each person possesses two copies of each gene in all the cells of his or her body (except for sperm and egg cells, red blood cells, and genes located on the X and Y chromosomes in males), one copy of which comes from the mother and one from the father.
2 Each of the copies of a gene is called an allele of the gene. Alleles of a gene from the two parents may be identical, or they may differ slightly; sometimes they differ by only a single nucleotide substitution (nucleotides are the basic subunits that make up the DNA molecule). These minor structural differences between alleles can be found in many different configurations or "versions." When two or more versions of an allele for a single gene occur in >1% of a given population, it is referred to as a polymorphism. A version of an allele that occurs in <1% of the population is called a mutation. The term "genotype" can be used to refer to an individual's entire DNA sequence (in which case it is usually called one's "genome") or any number of his or her genes, or a single polymorphism, or a mutation. Hence, it is common to refer to an individual's genotype when referring to whether he or she possesses a particular allele.
When both of the alleles for a given gene are identical, then one is homozygous for that gene; when the alleles differ, one is heterozygous. Suppose that gene A comes in two common forms (polymorphisms): allele A 1 and allele A 2 . A claim for an association in a CGA study generally takes the following form: Those with 2 This characterization refers only to nuclear DNA, the DNA molecule contained in the nucleus of most cells in the body. This is not true of the other, distinct genome that persons possess-mitochondrial DNA (mtDNA). mtDNA is located within small structures (organelles) in cells known as mitochondria that are involved in the production of cellular energy. mtDNA is inherited solely from the mother and exhibits what is known as polyploidy: numerous copies of the entire mtDNA molecule per cell, the number of which varies by cell type anywhere from 1,200-10,800 copies per cell in neurons to 11,000-903,000 copies per cell in female egg cells (Clay Montier, Deng, and Bay 2009) . Because mtDNA is stochastically partitioned when a fertilized egg cell divides, so-called identical(monozygotic) twins do not have identical mitochondrial genomes.
allele A 1 are more likely to display behavior X than those with allele A 2 (or vice versa), or those homozygous for gene A (alleles A 1 A 1 or A 2 A 2 ) are more likely to display behavior X than those who are heterozygous (alleles A 1 A 2 3 ), or vice versa.
Study of Fowler and Dawes
In 2008, James Fowler and Christopher Dawes (FD) published an article in the Journal of Politics titled "Two Genes Predict Voter Turnout," in which they reported the discovery of both a gene and a gene-byenvironment (G × E) interaction that increased the likelihood of voting. Persons having the "high" variant of the gene MAOA, which encodes the enzyme monoamine oxidase, voted at a higher rate than those with the "low" variant (an odds ratio of 1.26, p = .03); persons having a "long" variant of the gene 5-HTT, which encodes the serotonin transport protein, and who also attended religious services voted at a higher rate than those who did not share this G × E interaction (odds ratio of 1.58, p = .006). Naturally the claim that two common gene variants could predict voter turnout received a good deal of attention in both the discipline and the press and was praised as "the first results ever to link specific genes to political behavior" (Science Daily 2008).
To conduct their study, FD made use of the National Longitudinal Study of Adolescent Health (Add Health) data set, derived from a study designed to explore a variety of behavioral and health attributes of adolescents in grades 7 through 12. Data from three waves are currently available (and a fourth has just been released). In Wave I (1994-95), students and parents were administered in-home surveys (a core random sample of 12,105 adolescents in grades 7-12 plus several oversamples, totaling more than 27,000 adolescents). In Wave II (1996) , another set of inhome interviews of more than 15,000 students from the Wave I sample was conducted. Finally, Wave III (2001-02) consisted of an in-home interview six years later of 15,170 Wave I participants. In Wave I, researchers identified a "genetically informative sample of sibling pairs," which included "all adolescents that were identified as twin pairs, half siblings, or unrelated siblings raised together." In Wave III, genetic information consisting of zygosity (i.e., twin) status and genetic data for eight genes were solicited from twins and full siblings in this subsample (3,787 were asked to provide genetic material, of whom 2,574 did).
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In their analysis, FD employed a mixed effects logit model (as proposed by Xu and Shete [2007] ) to investigate the relationship among candidate genes, environmental factors, and voting. Their model controls for various mediating factors that might influence voting (such as age and ethnicity) and clusters random effects through a family ID (a unique identifier given to each household). The utility of using a logistic model to investigate the correlates of a binary independent variable (voting) is straightforward, as is the incorporation of standard control variables. The mixed effects model additionally incorporates "random effects" to account for the presumed correlation among family members. The model FD employed to investigate the hypothesized link between MAO-A and voting (Model 1) involved no interaction terms, whereas the model for 5-HTT (Model 4) involved an interaction between the "environment" (religious attendance) and the 5-HTT allele. The details and results of FD's two main models are contained in our 
FOUR PROBLEM AREAS Phenotype Specification
A phenotype is the observable expression of an individual's genotype (Wojczynski and Tiwari 2008) . CGA studies are based on a case-control design in which gene frequency in "cases"-study subjects who exhibit the phenotype being investigated-is compared with frequency in "controls," subjects who do not exhibit the phenotype. Careful selection of cases and controls is necessary to avoid potential confounding effects: Cases must meet appropriate criteria for possessing the phenotype under consideration, and controls must not exhibit the phenotype and must be free from potential associated intermediate phenotypes (Chanock et al. 2007 ). Any ambiguity in phenotypic specification will have the likely effect of confounding cases and controls, leading to spurious associations (Bickeböller et al. 2005) . The problem of ambiguity is particularly acute in relation to complex behaviors such as voting. Because FD distinguish their cases-"voters"-from controls, "nonvoters,"on the basis of their "voting behavior," but do not define these terms, we must infer the intended phenotype.
In the final sections of the Wave III questionnaire, participants were asked a series of questions concerning "Civic Participation and Citizenship" and "Religion and Spirituality." Included in the former section was the question, "Did you vote in the most recent presidential election?" FD classified those who responded "yes" as "voters" and those who responded "no" as "nonvoters." Included in the section of religion and spirituality was the question, "How often have you attended [various kinds of] religious services in the past 12 months?"; responses to this question were the basis for determination of the church-attendance phenotype.
It is apparent that responses to the question, "Did you vote in the most recent presidential election?," do not provide information concerning what is usually intended by the expression "voting behavior." For example, they do not provide any information concerning voting frequency; that is, whether, according 
with the same interpretation of variables as above. The regression coefficients presented in the table for the logistic model represent the average of coefficients generated by the model on 500 subsamples. These subsamples were created by randomly drawing a single individual from each family, and thus these subsamples comprise only unrelated individuals.
to a common classification, respondents are habitual, intermittent, or rare voters (Plutzer 2002) . What the data do tell us is whether a subject voted at least once in a presidential election. FD (2008, 584) [18] [19] [20] , n = 514), the MAOA relationship actually trends in the opposite direction (or = .90, p = .61). By contrast, the age 20-22 cohort (those who, if we count midterm elections, were facing their second opportunity to vote) displays a positive and statistically significant result: or = 1.42, p = .019 (n = 873). For a third cohort comprised of those 22 and older, the relationship trends downward and is no longer significant: or = 1.21, p = .216 (n = 876). Similarly, in relation to long 5-HTT, we see a statistically significant result only in the 20-22 age cohort.
It is not entirely clear how to interpret these results, and at a methodological level, whether and how to pool the "genetic effects" across voting cohorts are open to debate. We wish only to raise these issues surrounding the heterogeneity of genetic effects at the outset, and we return to questions relating to voter cohort in the context of other methodological problems with this study. Breaking down the study population into distinct voting cohorts by age, however, was motivated by an attempt to give as much precision as possible to an underspecified phenotype.
The problem of phenotypic specification we have identified is by no means unique to the study of FD. Many factors can contribute to the inadequate specification of a phenotype, but two common causes are what might be termed "inherent imprecision" and treating quantitative variables as if they are dichotomous variables. Inherent imprecision is a natural feature of human language. A "vote" is defined as a formal expression of opinion or choice. This definition encompasses voting among friends to choose a movie to see, voting in a faculty meeting to hire a job candidate, or voting in a parliamentary election. Even acts of voting that are qualified (e.g., "voting in a national political election") may have more or less in common: Voting in a country where voting in national political elections is mandatory (i.e., enforced by law, as in Australia) is in important ways a different behavior than voluntary voting in the United States, as is voting in a country where one risks one's life by showing up at the voting booth or voting for the wrong candidate, or where the results of the election are predetermined.
The tendency to treat quantitative variables as dichotomous can result from limitations in the data as well as limitations in the methodology. The Add Health data set, for example, contains only dichotomous voting data-the respondent either did or did not vote in the previous presidential election. As commonly intended, however, the expression "voting behavior" refers to a quantitative variable (i.e., one votes more or less frequently). In CGA studies, this tendency is also fostered by the common practice of dichotomously partitioning the presumed behavior of genes (e.g., the MAOA gene comes in a high and low variant, the 5-HTT gene comes in a long and short variant). Because the objective is to associate these dichotomous alleles with differences in behavior, the tendency (or temptation) is to conceptualize the behavior in question in a dichotomous manner as well-particularly if other means of quantification are not readily available or if a dichotomous rendering proves easier for establishing statistical significance.
Finally, with regard to phenotype measurement, the use of Add Health voting data is complicated by the well-documented problem of over-reporting (Ansolabehere and Hersh 2008; Cassel 2003; , something that FD recognize but dismiss. Within Wave III of the Add Health data, however, we did see nine subjects who report both that they are not registered to vote and that they voted (these questions were administered sequentially). We excluded these nine from our analysis because of the inconsistency of their responses, although the effects are generally negligible (because of the anonymous nature of the data it is impossible to verify responses using voter registration records).
Population Stratification
Population stratification refers to the fact that allele frequencies are known to differ in different populations and subpopulations (Cavalli-Sforza 1994) . Ethnic populations can exhibit allele-frequency difference as a result of unique ancestral patterns of migration, mating practices, and reproductive expansions and bottlenecks (Hunley, Healy, and Long 2009 ). These populationfrequency discrepancies are widespread throughout the genome, including many genes of known physiological relevance (Stephens et al. 2001 ). Nearly all outbred (i.e., nonfamilial) populations are confounded by genetic admixture at some level. The challenge is not merely to show that population stratification exists, but to avoid making erroneous conclusions because of it (Cardon and Palmer 2003) .
The alleles of MAOA and 5-HTT are no exception in exhibiting population stratification (Balciuniene et al. 2001; Esau, Adonis, and Arieff 2008) . For example, as FD note, the percentage of whites in the U.S. population carrying the high MAOA allele (53.4%) is much larger than the percentage of Asian Americans (31.9%). At the same time, studies have shown that whites in the United States vote at a much higher rate than Asian Americans (File and Crissey 2010) . This raises the possibility that the association between high MAOA and voting is an artifact of cultural differentiation. By using dummy variables for ethnicity in their mixed effects logit model, FD allow for different racial/ethnic groups having different baseline voting rates independent of the genetic effects under consideration. In so doing, they assume that it is appropriate to pool the genetic effects across different ethnic groups (i.e., that the effects that a gene has on voter turnout are similar or constant across each of the subpopulations).
However, when broken down by ethnicity, the presumed genetic effects turn out to be surprisingly heterogeneous. The Add Health questionnaire, like many demographic surveys conducted in the United States, asks about Hispanic identification separately, so nearly all self-identified Hispanics also identify with another racial category, with the majority self-identifying as white. On investigation, we discover that in the case of Asians, Native Americans, and nonwhite Hispanics, the link between high MAOA and voting is not only not significant but also trends in the opposite direction: Asian (or = .79, p = .59, n = 141), Native American (or = .39, p = .16, n = 52), and nonwhite Hispanic (or = .51, p = .25, n = 68). Whites (without Hispanics) show a result closer to FD's main findings with an odds ratio of 1.25, but bordering on the edge of statistical significance with a p-value of .093 (n = 1,434). Moreover, with Hispanic whites we find a higher odds ratio of 1.36, but the result is not significant, with a p-value of .43 (n = 207). Finally, the population of self-identified African Americans exhibits an odds ratio of 1.61, well above FD's finding, and a p-value just under the threshold of significance at .049 (n = 429). Hence, the presumed effects of MAOA on voting are not stable across different ethnic subgroups, and the results of FD's analysis are heavily influenced by the uniquely strong association with African American voters. If we drop African Americans from the data set, the result for all other racial groups combined yields an odds ratio of 1.18 and a p-value of .16 (n = 1,834).
What could account for this finding? As we demonstrate later, there may be nothing to account for once other problems are corrected. Nonetheless, let us assume that this significant association with the African American population is genuine. For the most part, alleles assort independently. Parents, like their offspring, possess two alleles for every gene, and during the formation of gametes (egg and sperm) this number is halved. Suppose that one parent is heterozygous for two genes, A and B (i.e., he or she has the genotypes A 1 A 2 and B 1 B 2 ). Independent assortment means that any given egg or sperm cell might contain any of the following combinations of alleles: A 1 B 1 , A 1 B 2 , A 2 B 1 , or A 2 B 2 . Yet this is not always the case. For various reasons, including if the genes A and B are located close to each other on the same chromosome, certain alleles from each gene may tend to be inherited together more often than not (e.g., A 1 tends to be inherited together with B 2 ). In a situation such as this, the alleles A 1 and B 2 are said to be in "linkage disequilibrium." A haplotype is the name given to combinations of three or more common alleles (i.e., polymorphisms) in linkage disequilibrium with each other (i.e., they all tend to be inherited together; Morton 2005) .
Geneticists have established that the haplotypes of MAOA and 5-HTT are significantly different in European American than in African American populations (Balciuniene et al. 2001; Lotrich, Pollock, and Ferrell 2003) . Assuming, for the sake of argument, that the association between a polymorphism of MAOA and voting is statistically significant, one might propose the following: A polymorphism of MAOA does not predict voter turnout; rather, a gene that is in linkage disequilibrium with a polymorphism of MAOA and occurs at a higher rate among African Americans predicts voter turnout. What this would show is that it is inappropriate to pool the presumed genetic effects of MAOA across European and African American populations. With regard to 5-HTT, the situation is similarly complex although less dramatic. When broken down by ethnic identification, the effects trend in the same direction, although they vary greatly in magnitude and significance: African Americans: or = 2.75, p = .08 (n = 428); Asians: or = 2.12, p = .17 (n = 142); non-Hispanic whites: or = 1.22, p = .37 (n = 1441); Hispanic whites: or = 2.03, p = .22 (n = 210); Native Americans or = 4.33, p = .21 (n = 52); and Hispanic nonwhites: or = 5.83, p = .14 (n = 68).
Genotype Classification
One of the principal findings of FD is that a polymorphism of the MAOA gene is associated with voting behavior. Monoamine oxidase A (MAO-A) is an enzyme that helps break down a class of neurotransmitters known as monoamines-including adrenaline, noradrenaline, dopamine, and serotonin-thereby diminishing their bioavailability. The gene that is coded for MAO-A is characterized by polymorphisms in its promoter region, a segment of DNA located upstreamfrom a gene's coding region near the site where gene transcription is initiated. This polymorphism is characterized by tandem repeats, the replication of two or more nucleotide sequences directly adjacent to each other. For example, a triple or 3-tandem repeat of the 5 base pair (bp) nucleic acid sequence A-T-T-C-G, would have the form, A-T-T-C-G-A-T-T-C-G-A-T-T-C-G. The repeating sequence in MAOA is 30 bp in length, and polymorphisms with 2, 3, 3.5,4, 5, and 6-tandem repeats have been identified (Zhu and Shih 1997) . Because the number of tandem repeats is variable, the polymorphism is designated a variable number tandem repeat (µVNTR).
Transcription is the process in which the DNA molecule is used (by a cell) as a template to produce messenger RNA (mRNA), which in turn serves as a template for protein synthesis (translation). On the basis of experiments with cells in the laboratory (in vitro analysis), there is a widespread assumption that the different tandem repeats of MAOA-µVNTR exhibit different levels of transcriptional efficiency (i.e., different transcription rates). A difference in transcription rates is presumed to translate into different levels of bioavailable MAO-A in the brain, which in turn is presumed to translate into different levels of bioavailable serotonin (5-HT), yielding the following causal schematic: High/low MAOA-µVNTR → high/low levels of brain MAO-A → high/low levels of brain 5-HT. Finally, the different levels of serotonin in the brain are presumed to translate into differences in phenotypes (such as voting behavior).
In fact, it is by no means clear that high and low alleles of MAOA-µVNTR correspond to higher and lower levels of brain serotonin. Studies that have attempted to demonstrate the effects of MAOA-uVNTR genotypes on in vivo (as opposed to in vitro) brain levels of MAO-A have had mixed, largely negative results (Alia- Klein et al. 2008; Cirulli and Goldstein 2007; Fowler et al. 2007; Nordquist and Oreland 2010) . According to a recent review (Nordquist and Oreland 2010, 2) , "in adult humans, and monkeys with orthologous genetic polymorphisms [polymorphisms having the same function in two different species], there is no observable correlation between these functional genetic variants [of MAOA] and the amount or activity of the corresponding proteins in the brain."
Nonetheless, on the basis of in vitro analysis, the 3.5 and 4 MAOA-µVNTR repeat alleles have been classified as being transcribed 2 to 10 times more efficiently than alleles containing the 3-tandem repeat (Sabol, Hu, and Hamer 1998) . Hence, the 3 repeat allele is classified as "low" (l MAOA-µVNTR), for low transcriptional efficiency, and the 3.5 and 4 repeat alleles as "high" (H MAOA-µVNTR), for "high transcriptional efficiency. There is no consensus, however, regarding the transcriptional efficiency and, hence, the appropriate classification of the less commonly occurring 2, 5, and 6 repeat alleles. For example, according to Sabol, Hu, and Hamer (1998) , the 5 repeat allele exhibits low transcriptional efficiency, whereas according to Deckert et al. (1999) , it exhibits high transcriptional efficiency. According to Pai, Chou, and Huang (2007) the 2 repeat allele exhibits higher transcriptional efficiency (and should be ranked with the 5, 3.5, and 4 alleles), but according to Young et al. (2006) it should be classified as low. FD follow Deckert et al. (1999) and classify the 2 repeat allele as low and the 5 repeat allele as high. They do not, however, provide any specific justification for this decision (and in this they follow most other researchers in the social and behavioral sciences). Different classificatory systems have given rise to the unusual situation in which researchers commonly classify the 2 and 5 repeat alleles ad libitum in the absence of any specific justification for doing so.
In females, the classification of MAOA-µVNTR alleles as high or low is extremely problematic. This is because males possess only a single X and a single Y chromosome (i.e., they are XY), whereas females possess two X chromosomes but no Y chromosome (they are XX). Because the MAOA gene is an X-linked gene (i.e., is located on the X chromosome), males possess only a single MAOA allele, a condition referred to as hemizygosity, in contrast to females who, being XX, possess two MAOA alleles. Hence, the classificatory schemes that we have been discussing (e.g., the 3.5 repeat allele is high, and the 3 repeat allele is low) apply only to males, who are hemizygous for the MAOA gene (Wachtel 1994) .
In females, the situation is different and extremely complicated. To achieve what is termed "dosage compensation," most of the "secondary" alleles on either of the female X chromosomes are "silenced" (i.e., rendered incapable of being transcribed, through an epigenetic 5 process known as X chromosome inactivation; Migeon 2007) . However, about 15% of these secondary alleles escape inactivation entirely, and an additional 10% show varying degrees of inactivation (Carrel and Willard 2005) . These variable patterns of inactivation entail significant heterogeneity in X chromosome inactivation between any two females, and they also result in higher levels of gene expression in at least 15% of X-linked genes in females than in males, inasmuch as they exhibit bi-allelic expression. To further complicate matters, different cells and tissues need not exhibit the same pattern of X chromosome inactivation: One and the same allele in one and the same individual might be completely inactivated in one set of tissues (e.g., the brain), partially inactivated in another, and completely active in a third (Migeon 2007) .
There exists no scientifically sound way to classify the bi-allelic expression of MAOA genes in females as either "high" or "low," and it is for this reason that females are often excluded from MAOA candidate gene association studies (Kim-Cohen et al. 2006) . For example, if a female is homozygous for two alleles and is l-l or H-H, we have no way of knowing if only one of these alleles is active, if both are completely active, if both are partially active, or if one is active and the other partially active. Nor do we know to what extent a given pattern of inactivation persists throughout all the cells and tissues of the body. If a female is heterozygous (l-H), it should (presumably) make a significant difference whether the gene that escapes inactivation is l or H. Furthermore, if females are to be combined with males in the study population, can we assume, for example, that l-l females should be classified as "low" when both alleles might be active? Does a bi-allelically expressed l-l female exhibit transcriptional efficiency equivalent to a mono-allelic l MAOA-µVNTR male or a mono-allelic H MAOA-µVNTR male? And what of bi-allelic expression in females in which one of the alleles is partially expressed?
These questions have not stopped some researchers interested in conducting CGA studies that include female subjects from proposing universal classificatory schemes for female MAOA genotypes. Frazzetto et al. (2007) , for example, classify female MAOA genotypes as follows:
1. Homozygous subjects carrying two low-activity alleles (l-l) are Low. 2. Homozygous subjects carrying two high-activity alleles (H-H) are High. 3. Heterozygous subjects carrying one low-and one high-activity allele (l-H) are Intermediate.
Others have followed Frazetto et al. in the classification of (1) and (2), but have classified (3) as low (Jacob et al. 2005 One way to deal with the potential misclassification of l-H females is to exclude them altogether and consider only homozygous females (i.e., both copies of their X chromosome contain the same base-pair alleles, which are then coded in the same manner as males). Using this classification scheme, which excludes all heterozygous females (resulting n = 1,693), the association between MAOA and voting becomes weaker (or = 1.21) and is no longer statistically significant (p = .13; Table 1 , column C). However, given the problems of differential transcriptional efficiency, variable X-chromosome inactivation, and bi-allelic expression, the only scientifically sound approach is to exclude females from the study population altogether (resulting n = 1,082). Doing this yields an odds ratio of 1.19 and a p-value of .21, indicating that that there is no statistically significant relationship between MAOA and voter turnout (Table 1, 
column D).
We confront similar difficulties in relation to the polymorphisms of the serotonin transporter gene (5-HTT), located in the transporter-linked polymorphic region (LPR; combining the two terms yields "5-HTTLPR"). Two polymorphisms have been identified in this region that, as in the case of MAOA-µVNTR, have been associated with differences in transcriptional efficiency as a result of in vitro analysis . These polymophisms are dichotomously classified as "long" (L), denoting higher transcriptional activity, and "short" (s), denoting lower transcriptional activity . As was the case with MAOA, there is no consensus as to whether these in vitro differences actually translate into meaningful differences in vivo (Naylor et al. 1998; Shioe et al. 2003; Willeit et al. 2001) . FD (2008, 585) claim to be following Caspi et al. (2003) when they classify the L and s alleles as follows: "Previous research has shown that being homozygous for the short allele (ss) makes one more vulnerable to negative environmental stimuli compared to being heterozygous for the short allele or homozygous for the long allele (Ls or LL; Caspi et al. 2003) . Therefore, we combined Ls and LL into the Long genotype and ss into the Short genotype." This is not, however, how Caspi et al. (2003, 386) classify these alleles: "Individuals with one or two copies of the short allele of the 5-HTT promoter polymorphism exhibited more depressive symptoms, diagnosable depression, and suicidality in relation to stressful life events than individuals homozygous for the long allele." In other words, they classify the genotypes ss and Ls as short and the LL genotype as long. The vast majority of CGA studies involving 5-HTTLPR also use this classification, although there is at least one report suggesting a classification scheme parallel to that used by FD (Williams et al. 2003) . When one codes the 5-HTT data as Caspi et al. and the majority of other researchers do, there is no longer a statistically significant association. Rather than a Long * Attend odds ratio of 1.58 and a p-value of .006, the model yields an odds ratio of 1.12 and p-value of .42, indicating there is no significant relationship between the hypothesized 5-HTT * Attend interaction and voting (Table 1 , column E).
Independence of Cases and Controls
We turn now to a significant problem generated by the limitations of the particular data set used by FD and numerous other researchers. The genetic data in the Third Wave of the Add Health study is not a randomized sample of the population at large, but rather a "genetically informed sampling of sibling pairs" (i.e., genetic samples were sought only from subjects with siblings who were also participating in the study, siblings being defined as "all adolescents that were identified as twin pairs, half siblings, or unrelated siblings raised together"). Because of nonresponses, nearly 500 subjects (472 with 5-HTTLPR data and 481 with MAOA-µVNTR data) are not matched with siblings. 6 However, among the remaining ∼1,800 subjects with complete sibling genetic data, approximately 57.8% are full siblings, 19.2% are dizygotic (fraternal) twins, 12.8% are monozygotic (identical) twins, 4.2% are unrelated "siblings" who live in the same household, 2.3% are half-siblings, 1.6% are cousins, and 2.1% are unclassified. Moreover, the sibling composition itself is unrepresentative: In the U.S. general population, approximately 1.6% of siblings are fraternal twins (compared with 19.2% in the Add Health data), and approximately 0.8% are identical twins (12.8% in the data). Although participants from the same household were given a common family identifier (ID), this ID does not indicate the nature of the sibling relationship (i.e., it does not designate whether siblings in the same household were full siblings, half-siblings, fraternal twins, identical twins, cousins, unrelated siblings, or "unclassified"). The sampling focus on siblings, the overrepresentation of twins, and the heterogeneity of relationships included under the common rubric of a family ID create a significant problem if (1) the trait under consideration is potentially influenced by family environment and/or (2) the hypothesized genetic influences are confounded by degrees of genetic similarity between family members. Clearly, there are good reasons to believe that voting is a behavior influenced by family environment (McIntosh, Hart, and Youniss 2007) . Moreover, both the shared environment and genetic profiles of "siblings" vary systematically depending on whether they are identical twins, fraternal twins, siblings of different ages, cousins, or unrelated persons living in the same house.
Traditional case-control studies assume the independence of cases and controls. The fact that both cases and controls in the genetic subsample of the Add Health data set are predominantly siblings who grew up in the same environment violates this assumption. The problem here concerns the potential effects of genetic as well as environmental similarities: It is important to account for correlation among family members because identity by descent (IBD) sharing of alleles can inflate the probability of type I errors and lead to an increase in false positives (Newman et al. 2001) . Moreover, in the presence of population substructures, case-control studies can produce spurious associations (Marchini et al. 2004) . Therefore the challenge is to disambiguate "pure" environmental effects, G × E interaction effects, genetic effects of a candidate gene, and genetic effects correlated among close relatives but not linked to the candidate gene.
The most obvious way to address this challenge is to restrict analysis to unrelated individuals (who also do not reside in the same household). This can be done by randomly sampling a single individual from each family cluster. However, in a study such as Add Health, doing so would result in a decrease in sample size and statistical power. To deal with this decrease, FD adopt a method proposed by Xu and Shete (2007) . Xu and Shete use a basic simulation to show that a mixed effects logit model, employing random effects to account 7 Precise population-wide estimates of twin rates are difficult to obtain, both because the determination of zygosity is either noisy (Machin 2009) or expensive and because the rate of twin births has risen some 70% since 1980 due to the increased use of in vitro fertilization (Births: Final Data for 2006, http://digitalcommons.unl.edu/ publichealthresources/65). However, twin population estimates in the epidemiological and demographic literature are, in any case, an order of magnitude different from the percentages represented in the Add Health Data. See National Vital Statistics Reports, Volume 58, Number 24, August 9, 2010 (page 2; http://www.cdc.gov/nchs/ data/nvsr/nvsr58/nvsr58_24.pdf), and Pergament (2005, 625) .
for the correlation between family members, can help control the possibility of type 1 errors in case-control studies of family members.
Following Xu and Shete, FD attempt to correct for family relatedness by clustering random effects through the family ID in their mixed effects logit model. However, the categorization of sibling relationships employed in the Add Health data set-identical twins, fraternal twins, siblings, half-siblings, etc.-makes the use of such an approach particularly problematic. The mixed effects logit model assumes that random effects of family clusters are independent and identically distributed, with a mean of zero and a constant variance (Neuhaus, Hauck, and Kalbfleisch 1992) . However, the Add Health data clearly do not possess the normally distributed heterogeneity often assumed of generic family data. This is because the "families" in the Add Health data set segregate into different "types" whose members differ systematically both in terms of degree of genetic similarity (e.g., identical twins vs. unrelated siblings living in the same household) and environmental similarity (e.g., high number of twin pairs vs. nontwin siblings). It makes little sense to assume that a single clustered random effect is adequate to control for the diverse latent effects (genetic and environmental) that are unevenly yet systematically distributed across different family types. Simply put, FD's mixed effects model demands a distribution of "family effects" that the very design of the Add Health study likely precludes.
The use of the mixed effects model presents further difficulties. As Larsen et al. (2000, 913) note, the interpretation of fixed effects parameters in the presence of random effects is not always straightforward: "When introducing random effects in the linear predictor in a logistic regression model, the interpretation of the mixed effects usually changes for one or more of the fixed effects." And as Xu and Shete (2007, 231) explain of the mixed effects model, "By including only the random intercept ui, and keeping the effect of the risk locus fixed, we assume that there is a specific probability of being affected in each family but that the effect of risk locus is identical across the families." In addition to doubts about modeling family effects as independent and identically distributed, the structural assumption of uniform fixed effects across families is also open to question. Finally, as Xu and Shete note, other statisticians have proposed alternative methods for incorporating family data into case-control studies. Most of these alternative methods are particularly sensitive to heterogeneity in degrees of kinship. For example, Bourgain et al. (2004) and Browning et al. (2005) propose accounting for the correlation of family members by calculating kinship coefficients and appropriately weighting each individual. For the Add Health data, in which nearly half of the "families" are composed of respondent pairs who are not "traditional siblings," incorporating a measure of degree of kinship is likely to be particularly important.
In summary, the mixed effects logit model that FD employ in an attempt to correct for the various kinds of confounding bias that may accompany a case-control study with family data appears ill suited for dealing both with the problems presented by the Add Health family sampling and the particular behavior under investigation. Moreover, at first glance the data suggest that there are indeed latent family effects on voting. Approximately 65.2% of respondents in the same family "match" each other's voting behavior: Either both responded "yes" to the question, "Did you vote in the last presidential election?," or both responded "no."
There is a straightforward way to bypass the problem of family clusters in a case-control study, namely, to look at only unrelated individuals. In the present case, this would involve, in the first instance, examining the set of respondents who do not have siblings. Using a standard logistic regression for the MAOA-µVNTR data (restricted to males, including controls for race and age), we find an odds ratio of 1.13 and a p-value of .645 (n = 235). If we enlarge the data set to include homozygous females, we find an odds ratio of 1.16 and a p-value of .518 (n = 348). Neither approaches a significant finding. Similarly, the logistic model of 5-HTTLPR interaction using only unrelated respondents (including FD's controls) yields an odds ratio of 1.67 and a p-value of .126 (n = 472).
Of course, we can substantially increase the number of unrelated individuals available for consideration by sampling from family clusters. Doing so more than triples the amount of family-independent information available for analysis. Moreover, because almost all family clusters contain only two individuals, the loss of information and statistical power caused by sampling one person per family is comparatively small when considered against the ideal amount of information that two-person family clusters could provide if the latent effects of relatedness were properly captured. Indeed, the most defensible statistical approach for analyzing the genetic subsample of the Add Health data is to (1) randomly sample from family clusters and (2) use a logistic regression to investigate associations among the resulting population of unrelated individuals. By repeating this process of random sampling and analysis, we can arrive at a distribution of regression coefficients and p-values that provides the most defensible estimate of the true values for the population.
Accordingly, for our analysis, we randomly sampled one individual from each family ID to construct a subset of unrelated individuals. We did so 500 times to create 500 different subsets. We analyzed each of these subsets using logistic regression with FD's controls and then averaged the 500 results to arrive at an estimate of the true odds ratio. The results are presented in Table  1 , columns F-J. In brief, restricting analysis to unrelated individuals yields results that are not significant at the .05 level in any of the models.
BROADER ISSUES IN GENETICS
According to many top researchers in the field, the science of genetics is undergoing a paradigm shift (Dear 2009; Gressler and Haslberger 2010; McClellan and King 2010; Ooi and Wood 2008; Petronis 2010; Sgaramella and Astolfi 2010; Whitelaw and Whitelaw 2006) . Consider the following:
• Genes do not regulate the extent to which they are capable of being transcribed in any obvious, unidirectional manner. Rather, the extent to which a gene can be transcribed is controlled by the epigenome, the complex biochemical regulatory system that turns genes on and off, is environmentally reponsive, and can influence phenotype via environmentally induced changes to gene transcribability 8 with no changes to the DNA sequence (Jirtle and Skinner 2007) . As neuroscientist Mark Mehler (2008, 602) notes in regard to the epigenome and epigenomics, "We are in the midst of a revolution in the genomic sciences that will forever change the way we view biology and medicine, particularly with respect to brain form, function, development, evolution, plasticity, neurological disease pathogenesis and neural regenerative potential." CGA studies depend on the assumption that the presence of a particular allele entails that it is turned on; that is, it is capable of being transcribed in a manner that is associated with that allele. Hence, the same two polymorphisms in any two given individuals (e.g., the long MAOA gene) will have the same capacity to be transcribed in the same manner. We can no longer assume, however, that the presence of a particular allele entails that it is capable of being transcribed in the manner associated with that allele, because it may be epigenetically silenced.
• Human possess fewer genes than corn. The discovery that the human genome contains ∼25-30,000 genes, as compared to more than 32,000 genes in maize (Schnable et al. 2009 ), necessitated a rethinking of the assumption that for every protein there is a specific gene and that each gene contains the instructions for making just one protein, inasmuch as there are likely more than one million proteins in the human organism (Jensen 2004) . Alternative splicing refers to the process whereby one and the same gene can be used (by the cell) to produce variant forms of a protein, called isoforms (Nilsen and Graveley 2010) . Hence, a single gene can code for multiple proteins, something that is estimated to occur in 90% of all human genes. We cannot equate a particular allele straightforwardly with the production of a particular form of a protein and from that with the production of a particular physiological effect and corresponding phenotype.
• Once considered the paragon of stability, DNA is subject to all manner of transformation. For example, retrotransposons or "jumping genes" comprise 45% of the human genome, move about the genome by a copy-and-paste mechanism changing DNA content and structure, are regulated by the epigenome (and hence are potentially environmentally responsive), and appear to be particularly prevalent in the human brain (Coufal et al. 2009 ). Once dismissed as "junk DNA" and "selfish parasites" (Dawkins 2006 ), retrotransposons are now deemed an essential component of normal human development and functioning (Walters, Kugel, and Goodrich 2009 ).
• Until recently, single nucleotide polymorphisms (SNPs) were thought to be the predominant form of genomic variation and to account for most normal and abnormal phenotypic variation in humans. A recent and important development in human molecular genetics has been the discovery of the ubiquitousness of a variety of structural variations (SVs) in DNA-deletions, insertions, duplications, and inversions-as well as more complex multisite variants of varying sizes that change the chromosomal architecture (Redon et al. 2006) . It is now apparent that human genomes differ more as a consequence of structural variation than of differences in single nucleotides (i.e., single nucleotide polymorphisms), and there is growing evidence for the importance of SVs for variation in human phenotypes (Alkan, Coe, and Eichler 2011) .
Although all of these developments have important implications for gene association studies, we focus here on one that is particularly relevant: the realization that most human traits with a genetic component are influenced by a vast number of genes of small effect. This calls into question the underlying assumption of CGA studies. At the same time, it makes the proliferation of CGA studies involving the same genotype and a range of phenotypes particularly problematic.
Complexity of the Genotype-Phenotype Relationship
Multifactorialism. Reproducibility has long been considered a key part of the scientific method. In epidemiology, where variable conditions are the rule, the repeated observation of associations between covariates by different investigative teams, in different populations, using different designs and methods, is typically taken as evidence that the association is not an artifact (Kraft 2008) . Most gene association studies (both candidate and genome wide) fail to be consistently replicated. For example, for the best known associations for MAOA-µVNTR and 5-HTTLPR derived from CGA studies, there are multiple nonconfirming studies including, in the case of MAOA-µVNTR, studies reporting no association with "antisocial" behavior (Huizinga et al. 2006; Prichard et al. 2008; Young et al. 2006) and, in the case of 5-HTTLPR, no association with depression (Chipman et al. 2007; Middeldorp et al 2007; Power et al. 2010 ; see Table 2 ). A recent comprehensive metaanalysis of association studies that linked 5-HTTLPR, stressful life events, and risk of depression, published in the Journal of the American Medical Association, reached this conclusion (Risch et al. 2009 (Risch et al. , 2469 :
The results of this meta-analysis clearly demonstrate that stressful life events have a potent relationship with the risk of depression, an association that has been one of the most widely studied environmental factors for a range of mental disorders. Addition of the serotonin transporter genotype did not improve the prediction of risk of depression beyond that associated with exposure to negative life events.
Although there have been numerous attempts to explain ongoing failures of consistent replication (or, in some cases, any replication), the answer most likely concerns the nature of the traits for which genetic predictors are sought. Most human traits with a genetic component are multifactorial (or complex): They are polygenic, involving the biochemical products of hundreds and even thousands of genes interacting with each other, the epigenome, and the environment in complex ways. Consider height, for example. Height is a highly heritable trait: 80% of the variation in height in a given population at a given time is attributable to genetic factors. A new, exceptionally large study involving full genome scans (genome-wide association [GWA] studies) of more than 180,000 individuals identified 180 genomic regions that influence adult height (Lango Allen et al. 2010 ). However, the variants on these 180 genes, considered together, explain only 10% of the heritable phenotypic variation in height in a given population, with no variant explaining more than a tiny fraction of a percent of variation.
The situation is no different in regard to behavioral phenotypes. Commenting on the failure of GWA studies to identify polymorphisms associated with behavioral phenotypes (as well as the failure of GWA studies to confirm the results of CGA studies), Plomin and Davis (2009, 63) note, "GWA studies suggest that for most complex traits and common disorders genetic effects are much smaller than previously considered.. . . This finding [of small genetic effects] implies that hundreds of genes are responsible for the heritability of behavioural problems in childhood, and that it will be difficult to identify these genes of small effect."
A good example of the degree of genetic complexity involved in behavioral phenotypes is provided by studies of aggression in fruit flies (Drosophila melanogaster). Researchers performed complete genome-wide gene expression and GWA scans of 40 lines of inbred Drosophila, and their analysis implicated at least 266 unique candidate genes associated with natural variation in aggressive behavior (Edwards et al. 2006 (Edwards et al. , 2009a (Edwards et al. 2009b . The candidate genes were involved in a broad spectrum of biological processes, including vision, olfaction, learning and memory, and the development and function of the nervous system, as well as basic cellular processes including transcription, protein modification, and mitosis (cellular division), indicating that the single alleles involved in aggression have pleiotropic effects on multiple traits (i.e., the proteins for which the genes are encoded are involved in many different physiological processes). Furthermore, the findings are consistent with extensive epistasis (gene × gene interactions). At the same time, the heritability of aggressive behavior in Drosophila is relatively low (∼0.1). Expressing the genetic and environmental variances of aggressive behavior as genetic and environmental coefficients of variation (CV G and CV E , respectively), the researchers found that CV G = 23.2 and CV E = 71.9. Thus, the low heritability is not due to a lack of segregating genetic variation, which is abundant, but to a high level of environmental variance (despite the fact that the scientists assumed that the environments were identical).
What all of this indicates is that most complex phenotypes that have a genetic component involve many genes of small effect size (266 and counting for variation in aggressive behavior in fruit flies). As McCrae et al. (2010 McCrae et al. ( , 1014 note, "There is growing evidence that personality traits are affected by many genes, all of which have very small effects." Hence, among common gene variants one would not expect to find single gene effects that confer a sufficiently high odds ratio to be predictive of a phenotype, such as aggression, for example. The discovery that many genes of small effect size contribute to traits known to be highly heritable (such as height) helps explain the so-called missing heritability problem (Bogardus 2009; Manolio et al. 2009; Slatkin 2009 ): Despite thousands of GWA and CGA studies, few genes have been reliably associated (via consistent replication) with complex phenotypes. In the words of Conrad et al. (2010) , to date, GWA studies have left a "heritability void."
However, there are exceptions to the "nonpredictiveness" of single nucleotide polymorphisms (SNPs). The most obvious example concerns not SNPs, but mutations on a single gene locus that occur in <1% of the population and are associated with so-called monogenic disorders. Monogenic disorders are inherited in a Mendelian manner (it is for this reason that they are sometimes referred to as "genetic" disorders). If the disorder is dominant, then only one mutated allele is necessary to present the disease phenotype; if the disorder is recessive, then two mutated alleles are necessary. A monogenic disorder is completely penetrant if possession of the mutated allele(s) entails that one will have the disease phenotype 100% of the time. A monogenic disorder is incompletely penetrant when the odds are <100% that possessing the mutated alleles(s) will result in the disease (i.e., the allelic mutation is a necessary, but not sufficient, condition for the appearance of the phenotype). Highly penetrant monogenic disorders are characterized by a high probability that those with the associated alleles will develop the disease phenotype, but the probability falls short of 100%. When a monogenic disorder is completely penetrant and the gene mutation known, then based on the genotype of the parents and whether the disorder is dominant or recessive, the odds that the child will inherit the disorder (the risk factor) can be calculated precisely according to the simple rules of Mendelian inheritance.
Researchers who conduct CGA studies err when they suppose that multifactorial traits exhibit a genotype-phenotype relationship analogous to that of monogenic disorders (Comings 1998; Nagel 2005; Peltonen and McKusick 2001) . Furthermore, even in completely penetrant monogenic disorders, the "poster child" for Mendelian inheritance, things are turning out to be more complicated than once thought. One reason concerns the possibility of many different allelic mutations on the same gene locus being associated with the disorder; for example, more than 1,400 different mutations on the CFTR gene have been identified thus far that can cause cystic fibrosis, a recessive disorder, and different mutations have been associated with differences in disease phenotype (Bobadilla et al. 2002) . More important, even when two individuals have the same mutation for the same completely penetrant monogenic disorder, it is difficult to predict phenotype on the basis of genotype alone. Consider the following three quotes from medical researchers:
An African American male infant with sickle cell disease has a devastating stroke; an African American soldier is surprised when he is informed that he has sickle cell disease. They are both homozygous for the same mutation. An Ashkenazi Jewish woman with Gaucher disease has a huge spleen and severe thrombocytopenia; her older brother, homozygous for the same . . . mutation, is found on routine examination to have a barely palpable spleen tip. . . . Such siblings must surely be carrying the same 2 disease-producing alleles. With the advent of sequence analysis of genes, the great extent of phenotype variation in patients with the same genotype has come to be more fully appreciated, but understanding of why it occurs continues to be meager (Beutler 2001 (Beutler , 2597 .
The dogma in molecular genetics until the 1990s was that genotype would predict phenotype. We thought that once we cloned and characterized the gene, then the nature of the mutation in the gene would specify the individual's phenotype. . . . This concept celebrated reductionism. However, nature had not informed the patients and their biology of this belief system. Not only could we not predict phenotype for genotype for GK and AHC [two monogenic disorders], similar observations were being made by others for many rare [monogenic] genetic disorders (McCabe and McCabe 2006, 160). This indicates that the phenotypes of "single-gene" disorders are in fact complex traits (Nagel 2005; Weatherall 2000) , influenced by multiple genetic, epigenetic, and environmental factors:
One promise of molecular genetics for many of us was that a detailed knowledge of mutant alleles would permit accurate prediction of prognosis and better selection of therapeutic strategies for Mendelian disorders. This presumed predictive promise was naïve and was based on a reductionist view of genotype-phenotype correlations, i.e., that a refined and specific knowledge of a mutation's impact on protein structure and function would permit extrapolation to the phenotype of the intact organism. The reality of molecular genetics, however, is that for many diseases only a subset of mutations reliably predicts phenotype. This lack of genotype-phenotype correlation for many Mendelian disorders shows us that the clinical phenotypes of "simple" Mendelian disorders are complex traits (Dipple, Phelan, and McCabe 2001, 45). Keep in mind that the preceding three quotes concern the difficulty of predicting phenotype on the basis of genotype alone in disorders associated with mutations on a single gene. For most normal, heritable human traits (such as height), thousands of genes are implicated. Among the few reliably reproduced associations between an SNP and a given phenotype of such a magnitude that the SNP can be called a risk factor are the following: the E4 variant of the apolipoprotein E gene, ApoE, which increases the risk of Alzheimer's disease; the association of an amino acid substitution in the complement factor H gene, CFH, with age-related macular degeneration; and a variant in the LOXL1 gene with exfoliation glaucoma, a common form of age-related blindness (Need and Goldstein 2010) . In the case of the latter two, however, the SNPs are so prevalent in the population that they lack predictive value. Why these are exceptions is not entirely clear, although it may be an indication that they are oligogenic disorders involving polymorphisms on a small number of genes and hence are more akin to monogenic disorders than to most human traits. As such, they are exceptions that prove the rule.
Overabundance and Serendipity. The problem of overabundance concerns the large number of diverse phenotypes that have been associated with the same two sets of polymorphisms of MAOA (MAOA-µVNTR) and 5-HTT (5-HTTLPR). Table 2 is only a sampling (by no means complete) of the wide array of traits that have purportedly been associated with high, low, and intermediate MAOA-µVNTR, and long and short 5-HTTLPR, along with a sample of studies finding no association with the phenotype. The table also includes a sampling of phenotypes that have been associated with polymorphisms of two other genes, the dopamine D2 receptor gene (DRD2) and the dopamine D4 receptor gene (DRD4), as well as studies showing no association. These four genes represent half of the genes for which there are genotypic data in the Add Health data set.
A list such as that in Table 2 raises numerous questions, but we mention only two here. First, how is it possible that the same polymorphisms of the same gene could simultaneously predict (or be risk factors for) so many different phenotypes (even when, as is sometimes the case, a specific G × E or G × G (gene × gene) interaction is proposed)? A common response to the problem of overabundance is to evoke the concept of an endophenotype. An endophenotype is defined as an intermediate trait or an internal phenotype that lies intermediate between the genotype and phenotype (Gottesman and Shields 1973) . The idea is that the endophenotype, which is more "elementary" than the phenotype, can give rise to an array of phenotypes (because of interacting genetic or environmental factors) that all share something with the more primary endophenotype. Furthermore, the genetic basis of endophenotypes is assumed to be less complicated than the phenotypes to which they give rise, to involve fewer genes, and to be more "direct" and "deterministic" (Flint and Munafo 2007) .
It is beyond the scope of this article to consider the cogency of the concept of an endophenotype, other than to note the following: Psychologists created this concept to give plausibility to the idea that a single polymorphism could in fact predict, or be a risk factor for, a wide array of multifactorial traits. In other words, it has been embraced in large part to justify the cogency of undertaking gene association studies and of their results. However, it is a concept that lacks any independent justification either genetically or biologically; for example, if more than 266 genes are involved in aggression in fruit flies, what is the endophenotype that "underlies" aggression and can be predicted by a single gene? Furthermore, if it is proposed that the high and low polymorphisms of MAOA-µVNTR are associated with an endophenotype, what more elementary phenotype underlies credit card debt, bone mineral density, schizophrenia, sudden infant death syndrome, conscientiousness, and autism? Or in the case of long and short 5-HTT, what more elementary phenotype unites maternal sensitivity, premature ejaculation, irritable bowel syndrome, schizophrenia, periodontal disease, and voting?
The genes coded for MAOA and 5-HTT are two genes among an estimated 25,000-30,000 genes. The MAOA-µVNTR and 5-HTTLPR polymorphisms of these two genes are several polymorphisms out of anywhere from 3-15 million possible polymorphisms throughout the human genome, and up to 30 10 mutations (Cotton and Horaitis 2002) . Thus far, 299 SNPs have been identified on the MAOA gene alone 9 and 513 on the 5-HTT gene, 10 as well as several structural variations on both genes, and there is little doubt that more polymorphisms and common structural variations are still to be discovered on both of these genes. Yet of 299 polymorphisms (and counting) in the case of MAOA, and 513 in the case of 5-HTT, a handful in either gene appear to be in some way predictive of (or associated with) an astonishing array of human behaviors (as well as nonbehavioral phenotypes).
This brings us to the second question, which concerns the problem of serendipity. Consider that the polymorphisms of MAOA-µVNTR and 5-HTTLPR are the only polymorphisms for these two genes for which there are data in a large data set such as Add Health and that MAOA and 5-HTT are two out of the eight genes in total for which there are genotypic data. What is the likelihood that these same polymorphisms on these same genes will conveniently turn out to be the genetic key to so much human behavior? These eight genes have been associated in studies using the Add Health data with a wide array of phenotypes, either directly or via a proposed G × E or G × G interaction.
As was the case with MAOA-µVNTR and 5-HTTLPR, the same polymorphisms of the same gene have also been associated with an array of disparate phenotypes.
For example, DRD2 Taq1A, an SNP of the dopamine D2 receptor gene, has been associated in studies using Add Health data with the following behaviors: serious and violent delinquency among males (Guo, Roettger, and Shih 2007) ; "homophily," a desire for friends who also have the DRD2 Taq1A polymorphism (Fowler, Settle, and Christakis 2011) ; the number of vaginal sexual partners in the previous year among males (Halpern et al. 2007 ); whether or not an offender has been violently victimized (Vaske et al. 2009a (Beaver et al. 2010) ; continuation of education beyond secondary school among males who have high parental socioeconomic status, high parental involvement in school, or attend high-quality schools (Shanahan et al. 2008) ; conduct disorder among males who also possess the DRD4 Exon 3 VNTR polymorphism (Beaver et al. 2007b ); self-esteem (Jonassaint et al. 2008) ; and the depressive effects of violent victimization on African American females (Vaske et al. 2009a) .
In studies other than those using the Add Health data, the DRD2 Taq1A polymorphism has also been associated with many of the same phenotypes that have been associated with MAOA-µVNTR and 5-HTTLPR: smoking (Zuo et al. 2009 ); novelty seeking, harm avoidance, and persistence (Nyman et al. 2009 ); cooperativeness (Walter et al. 2011) ; obesity, anorexia nervosa, and bulimia (Nisoli et al. 2007 ); Parkinson's disease (Grevle et al. 2000) ; alcoholism (Berggren et al. 2006) ; ADHD (Paclt et al. 2010) ; drug addiction (Shahmoradgoli Najafabadi et al. 2005) ; suicide (Suda et al. 2009 ); schizophrenia (Stöber et al. 1999) ; bipolar disorder (Squassina et al. 2011) ; post-traumatic stress disorder (Comings, Muhleman, and Gysin 1996) ; and Tourette syndrome (Lee et al. 2005) . It has also been associated with phenotypes such as "Eros," "a loving style characterized by a tendency to develop intense emotional experiences based on the physical attraction to the partner" (Emanuele et al. 2007 ); susceptibility to confirmation bias (Doll, Hutchison, and Frank 2011);  caffeine-induced anxiety (Childs et al. 2008 ; and prolactin (a hormone involved in lactation) secretion induced by antipsychotics in healthy volunteers (LopezRodriguez et al. 2011) .
The Third Wave of the Add Health study contains well over a thousand survey questions covering a vast range of behaviors. If one considers the entirety of the Add Health data sets, many thousands of behavioral variables are associated with each individual, and if one introduces interaction terms and multivariable controls, the quantity of variables available for genetic "prediction" could quickly surpass ten thousand. The standard statistical criterion for any individual study of a gene-behavior correlation is significance at an alpha level of .05. The problem with this criterion becomes clear if researchers embark on what collectively amounts to a blind fishing expedition in search of correlations between a handful of candidate genes and a wide array of behaviors.
It is particularly problematic given that the soughtafter correlations are not between particular genes and particular phenotypes, but between particular alleles and particular phenotypes. The alleles may be grouped into two categories (e.g., long and short 5-HTTLPR) or three categories (e.g., high, intermediate, and low MAOA-µVNTR), or as in the case of the DRD4 gene, direct associations may be reported between any of the nine single alleles concerning which there is information in a data set such as Add Health and a given phenotype; for example, those who have at least one copy of the number 3 (out of 9) repeat (R) allele of the DRD4 gene are more likely to have sexual intercourse at a younger age (Guo and Tong 2006) . Or associations may be reported between any combination of these alleles and a given phenotype (e.g., those with the genotype DRD4 2R/2R are more likely to exhibit depression [Guo and Tillman 2009]) ; or between any combination of alleles of a given gene and the alleles of another gene (G × G interaction); for example, those with the DRD2 Taq 1A genotypes A1/A2 or A1/A1 and at least one 7R copy of the DRD4 Exon 3 VNTR are more likely to exhibit conduct disorders (Beaver et al. 2007b ). Furthermore, associations may be reported between any of these alleles and specific genders, or specific ethnicities, or specific ethnicities and genders, and these associations may involve any conceivable G × E interaction; for example, African American females who use marijuana and have the short/short 5-HTTLPR genotype are more likely to engage in "property offending" (Vaske et al. 2009b) .
The problem of inadvertent multiple hypothesis testing has long been understood and is something to which researchers must pay close attention. The most straightforward way to deal with this problem is to employ the so-called Bonferroni correction: dividing the alpha level by the number of associations tested. Doing this for ten thousand behaviors tested against one candidate gene would yield an alpha level of .000005-a standard that none of the purported associations remotely approach. The Bonferroni correction is conservative, but inasmuch as Add Health data are currently being used in an intensive search for genetic (Bhaskar et al. 2010; Noble 1998; Blum et al. 1990; Hopfer et al. 2005; Madrid et al. 2001 ) (Gelernter et al. 1993 Edenberg et al. 1998; Comings 1998; Gorwood et al. 2000; Finckh et al. 1996; Bolos et al. 1990 ) (Du et al. 2010 George et al. 1993 ) (Roman et al. 1999 Sullivan et al. 1998; Chang 1997) (Caspi et al. 2002; Ducci et al. 2008; Widom and Brzustowicz 2006; Fergusson et al. 2011; Kim-Cohen et al. 2006 ) (Prichard et al. 2008; Koller et al. 2003; Haberstick et al. 2005; Huizinga et al. 2006; Young et al. 2006; Jorm et al. 2000) ( Retz et al. 2004; Li and Lee 2010; Douglas et al. 2011; Garcia et al. 2010b; Lyons-Ruth et al. 2007 ) (Sakai et al. 2007; Hill et al. 2002; Ishiguro et al. 1999 ) (Beaver et al. 2007b; Ponce et al. 2003; Lu et al. 2010 Note: This table is by no means complete, either in terms of the phenotypes with which the specific polymorphic regions of these four and genes have been associated, or in terms of the number of studies that have been conducted for a given phenotype. Furthermore, the absence of a study indicating either an association or no association between a specific allele and a specific phenotype does not mean that one does not exist. An expanded and updated version of this table (with complete bibliographic information) is available at http://tinyurl.com/AssociationStudies (see also http://www.journals.cambridge.org/psr2012001).
predictors of a wide range of behaviors, it is one of the few convincing ways to guard against type 1 errors.
CONCLUSION
It is a foundational assumption of candidate gene association studies in the social and behavioral sciences that one or two common polymorphisms can so greatly increase the likelihood of a complex behavior as to predict that behavior for a defined population, if not for an individual. There is an ever-growing consensus that complex traits, among which would certainly be included all politically relevant behaviors, are influenced by hundreds or thousands of proteins encoded in hundreds or thousands of genes of small effect that interact with each other, the environment, and the epigenome in complex ways. It is noteworthy that FD (2008, 590) do recognize this problem, if not its full implications: "It is important to emphasize that there is likely no single 'voting gene'-the results presented here suggest that at least two genes do matter and there is some (likely large) set of genes whose expression, in combination with environmental factors, influences political participation."
The problem is that a large set of genes (and if large enough, then we are simply talking about the human genome and hence the human organism), the transcriptional activity of which is influenced by the environment and each others' functional products, is incompatible with the expectation that two genes could predict voter turnout. The cogency of the search for single main-effect genes in complex human behavior must be reconsidered. Proteins encoded by at least 266 genes are involved in variation in aggression in fruit flies, yet at the same time, the heritability of aggression is less than ∼0.1 because of the high level of environmental variance (even though the researchers assumed the environments were identical). If such is the level of genetic complexity and the importance of environmental interaction implicated in behavioral variation in fruit flies, why should we assume that, when it comes to human behavior, things are any simpler? We would expect all of the factors influencing political behavior to be several orders of magnitude more complex, at least on the order of the difference between the brain of the fruitfly, with ∼100,000 neurons, and the human brain, with ∼100 billion.
The model of the relationship between genotype and phenotype used in the social sciences makes scientific discovery in genetics appear deceptively simple: All that is required is a large data set containing relevant behavioral data and genotype data consisting of several polymorphisms (out of likely hundreds or thousands for each gene) for a handful of genes, and statistical modeling takes care of the rest. However, the validity of these statistical models depends foundationally on the validity of the genetic paradigm they presuppose. Rapid advances in biomolecular genetics indicate that this paradigm must be revised.
Genes are not predetermined by their structure to exert a specific (statistically identifiable) influence on complex phenotypes. Such a view rests on a conception of genes as "self-actualizing" entities, possessed of almost supernatural powers of phenotypic determination (Lewontin 2000) . We now know that instead of being the "master molecule" that deterministically generates phenotypes, DNA is one component of a complex, integrated, interactive, and dynamic biologicalenvironmental-ecological process through which biological organisms come to manifest divergent phenotypes. One of the major theoretical conclusions to emerge from the discipline of computational and systems biology, which attempts to mathematically model biological networks, is that causation in biological systems runs in both directions: upward from the molecular level (which includes the genome and the epigenome) and downward from all other levels: cellular, tissue, organ, organism, and external environment (Noble 2010) . There are feedback and feedforward loops between different levels (Tao, Zheng, and Sun 2007) , and developing the mathematical and computational tools to deal with these multiple levels of causation is a major challenge.
If the traditional genocentric paradigm can be compared to the Newtonian worldview, then the emerging post-genomic view is looking more like the paradigm of relativity theory and quantum mechanics that supplanted it (Noble 2010) . Beyond analogies, systems modeled on quantum mechanics are now being employed in the study of "probability landscapes of heritable epigenetic states" (on the molecular level, the epigenome acts in a highly stochastic manner):
Computational studies of biological networks can help identify components and wirings responsible for observed phenotypes. However, studying stochastic networks controlling many biological processes is challenging. Similar to Schrödinger's equation in quantum mechanics, the chemical master equation (CME) provides a basic framework for understanding stochastic networks (Cao Lu, and Liang 2010, 18445) .
Given that every new advance in the science of genetics adds yet another layer of complexity (at which we have merely hinted), we have the strongest reasons to doubt that a handful of candidate genes will provide a meaningful key to understanding differences in voting behavior, political ideology, or attitudes toward abortion. Advances in genomic science suggest that this reductionist approach is ill conceived, and proponents of "genopolitics" have yet to present compelling evidence to the contrary.
